The longitudinal NHEXAS-Maryland study measured metals, PAHs, and pesticides in several media to capture temporal variability. Questionnaires were concurrently administered to identify factors that influenced changes in contaminant levels over time. We constructed mixed-effects regression models for lead, phenanthrene, and chlorpyrifos (including metabolites) in indoor air, dust, dermal wipes, and biological fluids. Significant predictors represented time-varying activities as well as unchanging housing and demographic factors. There was little overlap among the models, with predictors generally reflecting the diverse characteristics of the target compounds. We estimated between-and within-person variance components to evaluate the reliability of the measurements. While only one measurement of lead in blood or chlopyrifos in dust was needed for a dependable estimate of an individual's average level, three to eight measurements were needed for most other compound/exposure medium combinations because of considerable temporal variability. Measurements in biological fluids and dust were generally more consistent than those in indoor air. The significant covariates in the full models preferentially reduced the between-person variance component. Since the regression models explained only 1-37% of the within-person variance, the questionnaires in this study provided only modest insight into the factors responsible for the temporal variability in the contaminant levels.
Introduction
The temporal variability often observed with environmental contaminants greatly complicates exposure assessment (Rappaport, 1991; Kromhout et al., 1993 ) since a single measurement over a short time period (e.g., 1 day or 1 week) may not be a reliable estimate of the central tendency over a much longer period (e.g., 1 year). The resulting measurement error makes it difficult to rank an individual within the population, to link health effects with exposure, and to evaluate health risks associated with environmental contaminants (Lemasters et al., 1996) .
While some variability results from the interaction of random, unidentified factors, much of it can be attributed to identifiable sources, microenvironments, and activities. Concentrations in indoor media, for example, are influenced by indoor sources, infiltration from outdoor sources, distribution, resuspension, degradation, and other translocation or removal mechanisms (Lebowitz, 1995; Stout and Mason, 2003) . Human activities not only affect these mechanisms but also determine contact with the resulting concentrations. Longitudinal investigations of the activities that influence changes in contaminant levels over time are scarce but are necessary to increase our understanding of the role they might play in the risk of adverse health outcomes (Tee et al., 2003) .
To address temporal variation in human exposure to environmental pollutants and the limitations of singlechemical, single exposure-route studies, the US Environmental Protection Agency (EPA) has sponsored a series of field studies known as the National Human Exposure Assessment Survey (NHEXAS). The longitudinal Maryland investigation (NHEXAS-MD) was expressly designed to comprehensively evaluate the magnitude and significance of temporal variability in both multimedia exposures to several pollutants and in activities of interest .
Previous analyses of the NHEXAS-MD data have reported significant temporal variability in dietary exposures to metals and pesticides (Scanlon et al., 1999; Ryan et al., 2000; MacIntosh et al., 2001b; Pang et al., 2001; Ryan et al., 2001 ) and in biomarkers of pesticide exposure (MacIntosh et al., 1999b (MacIntosh et al., , 2001a , but the factors responsible for this variability have not yet been thoroughly investigated. Variability in some activities deemed relevant to pesticide exposure has been reported (Echols et al., 2001) , but the association between the exposures and the activities was not investigated.
Here, we investigate significant determinants of interpersonal and temporal variability in NHEXAS-MD by identifying both the factors that produce differences among individuals and the activities that influence changes in contaminant and biomarker concentrations over time. Our focus is on the relationship between repeated measures of exposures and time-varying explanatory factors related to the environment, to exposure-related behaviors, activities and conditions (as recorded in questionnaires), and to diet. Further, we estimate the reliability of short-term measurements in representing year-long average exposures and examine the implications toward optimal sample size.
Methods

Study Design and Recruitment
A total of 80 individuals were recruited from the metropolitan Baltimore area using a stratified random sampling design to ensure adequate representation of its racial and population density diversity. Details on recruitment and demographic characteristics of the participants are reported elsewhere (Echols et al., 1999; Macintosh et al., 1999a, b; Ryan et al., 2000) . The institutional review boards of the participating investigators approved all protocols for recruitment and treatment of human subjects.
Sample Collection and Analysis
Samples were collected from September 1995 to September 1996 in six cycles. Environmental and biological samples, along with exposure-related questionnaires and diaries, were collected over 1-week periods at approximately 8-week intervals. Nearly three-quarters of the participants completed all six sampling cycles. The data from the NHEXAS studies are publicly available through the EPA's Human Exposure Database System at http://www.epa.gov/heds/.
The compounds measured in NHEXAS-MD represent three chemical classes: metals, pesticides, and polycyclic aromatic hydrocarbons (PAHs). All are believed to present significant environmental health risks and are found in multiple environmental media (indoor and outdoor air, dust, soil, dermal wipes, tap water, solid food, and beverages). Biomarkers include parent compounds and metabolites in urine or blood. Analytical results are not available for every chemical in every medium for technical and/or logistical reasons (Pang et al., 2002) . This investigation concentrates on lead (PB) from the metals, phenanthrene (PHEN) from the PAHs, and chlorpyrifos (CPF) from the pesticides based on a high detection frequency in multiple media (Table 1) . We treat 1-naphthol, a metabolite of both the insecticide carbaryl (1-naphthyl-N-methylcarbamate) and the PAH naphthalene (NCEH, 2003) , as a nonspecific metabolite of PAHs.
Sample collection and analysis protocols varied by media, have been described elsewhere (MacIntosh et al., 1999a (MacIntosh et al., , 2001b Ryan et al., 2000; Williams et al., 2001; Pang et al., 2002) , and are summarized in Table 2 .
Questionnaires were administered at each sample collection cycle. Three pertained to stable factors: ''descriptive'' demographic data, ''baseline'' housing and participant characteristics (e.g., heating and cooling systems, occupational information), and a technician's ''walk-through'' assessment of residential and neighborhood characteristics. Information on transient activities was collected via a daily ''time-activity diary'' of microenvironmental time budgets, behavior patterns, and specific exposure-related activities, and a subsequent ''follow-up'' questionnaire on exposurerelated events and activities. Some questions were specific to chemicals (e.g., application of pesticides) while others concerned common exposure-modifying factors (e.g., ventilation).
Statistical Analysis
Samples and questionnaires not accompanied by a chain of custody and data that failed to meet quality assurance standards for field or analytical conditions were excluded from analysis. After evaluation of distributions through histograms and probability plots, a logarithmic transformation was applied to all chemical data to approximate normality. Laboratory-quantified values below the limit of detection (LOD) were retained when available, but laboratorycensored data (values below LOD not reported) were imputed through ''robust'' statistical techniques (using distributional characteristics of the above-LOD values) to reduce bias in estimated treatment effects (Hughes, 2000) . Specifically, the maximum-likelihood estimation (MLE) technique (Cohen, 1959) , available with the LIFEREG procedure in SAS 8.02 (SAS Institute, Cary, NC, USA), was used to estimate the parameters of the distributions, and then values were randomly drawn from the zero-to-detection limit portion of the distribution to replace the censored observations (Moschandreas et al., 2001) .
Missing chemical measurements required for multimedia analyses were imputed using temporally and spatially related samples. Missing outdoor air concentrations were imputed using a ''nearest neighbor'' technique, whereby the value measured for a participant in the same county with the nearest starting date was assigned to the missing observation. If the nearest date exceeded 14 days, then no value was assigned. Missing soil concentrations were imputed using each participant's average value; if none were available, then no value was assigned.
Missing questionnaire data were imputed when adequate information was available to estimate the response. For example, if the answer to a preceding question indicated that a missing response value should have been either ''zero,'' ''no,'' or ''not applicable,'' the missing response was replaced by the appropriate value. Similarly, ''not applicable'' was replaced with ''zero'' or ''no'' where appropriate. Other missing responses were replaced with an appropriate ''average'' value among the participant's responses from other cycles, using the median for continuous variables and the mode for categorical variables. Any questionnaire with an unusually high percentage (i.e., greater then 15%) of missing data was considered invalid and discarded.
Multiple linear regression analysis was performed, using the MIXED procedure of SAS (Littell et al., 1996) , to identify important determinants of interpersonal and temporal variability in exposure. Mixed-effects models were necessary to accommodate the between-and within-person variation in the unbalanced, longitudinal data. The following model was employed:
for i ¼ 1, 2,y, k individuals for j ¼ 1, 2,y, n i measurements of the ith individual, and for m ¼ 1, 2,y, p covariates where X ij represents the chemical measurement for the ith individual on the jth monitoring period, and Y ij is the natural log-transformed value of X ij . The logged variate Y ij represents the sum of the effects consisting of: m y representing the intercept; the product of the regression coefficients d 1 , d 2 , y, d p (the fixed effects) and the observed values of their corresponding covariates C 1ij , C 2ij ,y, C pij ; b i representing the random effect for the ith individual; and e ij representing the residual error for jth observation on the ith individual. It is assumed that the random variables b i and e ij are independently normally distributed with means of 0 and variances of s B 2 and s W 2 (representing the between-and within-person components of variance, respectively). A compound symmetry covariance structure consistently produced better fit than a first-order autoregressive structure and was assumed in all models.
Statistical models were constructed for each dependent variable as follows. Responses to questionnaire/diary items were first examined to eliminate items that were redundant or exhibited no variability. Dependent variables were then regressed on each independent variable individually to eliminate unlikely predictors, using a relaxed P-value of 0.25. Next, candidate predictor variables, including concentrations in other media, were added to models sequentially, with the order based upon an a priori appraisal of plausibility of association in accordance with a conceptual source-todose framework (Clayton et al., 2002) . Only those covariates with a P-value o0.10 were retained at each step, and any model for which all covariates were significant constituted a candidate model. Multiple candidate models were generated as all covariates of potential scientific interest were added and key discarded covariates were re-examined. No interaction terms were tested because of the complexity in establishing a priori plausibility. Akaike's information criterion (AIC) was used to select a final model among competing models, and formal likelihood-ratio tests (at the a ¼ 0.05 level) were used to confirm the selection. Emphasizing identification of important questionnaire items over parsimony, a scientifically reasonable explanatory variable was retained even if the AIC and likelihood ratio tests favored the smaller model. Standard regression diagnostics were performed: collinearity among the explanatory variables was investigated using Pearson correlation matrices and w 2 tests, and the assumptions of normality, linearity, and homogeneity were evaluated with graphical analysis of residuals.
The relationship between a single short-term measurement and the long-term (year-long) mean of that measurement was evaluated with the ''intraclass correlation coefficient of reliability'' (r r ) by the following equation (Fleiss, 1985) :
where the variance components s B 2 and s W 2 were estimated from the null model (random effects only) using mixedeffects regression, restricted to observations also in the full model. Once r r was estimated, and then the number of random measurements per subject (m) necessary to achieve a desired reliability of the mean (r r,m ) of 0.80 was determined by the following equation (Fleiss, 1985) :
We used an ad hoc method to estimate the percent of each variance component explained by the fixed effects in the full models, using the following equations (Burstyn et al., 2000) :
where s B 2 and s W 2 represent the between-and within-person components of variance, as above, and the subscripts f and n represent the full and null models, respectively.
Only one compound from each of the three chemical classes was chosen for analysis to avoid producing unwieldy results. Chemicals were prioritized by the proportion of values above the limit of detection, and the number of media with available results. Cycle-specific survey weights were available but were not used in any of the statistical analyses because of the small number of subjects (80) in this study. Highly dilute urine samples (i.e., creatinine concentrations o30 mg/dl) (Alessio et al., 1985) were excluded from all analyses.
Results and discussion
Multiple Regression Analysis
We constructed regression models to identify the factors that explain changes in exposure concentrations over time, for use in subsequent exposure studies and in designing interventions. Separate regression models were developed for each selected compound in indoor air, indoor dust, dermal wipes, and urine. Following a conceptual source-to-dose framework, questionnaire and diary items pertaining to sources, mixing, and removal were used in analyses of environmental concentrations, items describing human contact with environmental concentrations were included in dermal exposure models, and factors influencing uptake, metabolism, and excretion were included with environmental and dietary concentrations as predictors of biological markers. The final models are shown in Tables 3-5 , and the questionnaire items in those models are defined in the Supplementary Information.
The final models for lead in each media are shown in Table 3 . The positive regression coefficient estimates for outdoor lead concentration (lnPBout) and average minutes that doors and windows were open (WINDOWS, min) in the model for lead in indoor air (lnPBin) suggest a strong contribution from outdoor sources, agreeing with previous investigations (Hilts, 2003) . The higher concentrations associated with older houses (HOMEAGE, built before or after 1950) is consistent with the more common use of lead building materials (especially paint) before its health effects were fully understood (Pirkle et al., 1998) . The association between frequency of fireplace use (FIREFREQ, count) and higher indoor lead concentrations may be due to the emission of trace quantities during combustion of wood or to the presence of lead in various fireplace fixtures. Average weekly temperature (TEMPERATURE, 1F) remained a significant predictor even with two potential surrogates for seasonal factors, open windows periods and fireplace use, in the model. The association of air filter use (AIRFILTER, yes or no) with lower indoor concentrations is reasonable, but the reason pets (HOUSEPETS, yes or no) were associated with lower concentrations is not entirely clear and merits additional research. Tobacco smoking, a known source of lead (Meyer et al., 1999) , was reported in 37.5% of households but was not found to be a significant predictor, and the influence of occupational sources could not be tested.
Significant predictors of lead loading in dust (lnPBdust) included lead concentration in soil (lnPBsoil) along with several factors related to housing: age of home (HOME-AGE), chipping/peeling interior paint (INTPAINT, yes or no), and concrete, asphalt, or brick composition of primary entrance (CEMENT, yes or no). The direction of these effects is logical if lead in soil (often tracked inside) and lead in old paint were indeed sources of lead in dust. Fireplace (FIREFREQ) and air filter use (ELECTROSTAT, yes or no) were associated with lead in dust in the same manner as with lead in indoor air. Interestingly, open window periods (WINDOWS) were associated with higher indoor concentrations but lower dust loadings, perhaps suggesting resuspension. Indoor pesticide use in the last 6 months (INPEST, yes or no) was also (strongly) associated with lower lead loadings in dust for reasons not readily apparent.
Dermal lead levels (lnPBderm) were predicted by both demographic factors and personal activities. Higher dermal levels were associated with males (SEX, male or female) and members of ethnic minorities (MINORITY, yes or no), consistent with disparities reported with blood lead concentrations in children (Malcoe et al., 2002) . Residing in or near commercial areas (COMMERCIAL, yes or no), using gasoline-powered equipment (EQUIPMENT, yes or no), and not washing hands after using a lawnmower (LAW-NMOWER, yes, no, n/a) were also associated with higher dermal levels even though lead had been almost completely phased out of gasoline by 1996 (Pirkle et al., 1998) , perhaps pointing to persistent contamination from previously available fuels. As expected, bathing activities (BATHSHOWER, yes or no) and above-average control of household dust as graded by a field technician (DUSTLEVEL, ordinal scale 1-3) were associated with lower dermal levels. Surprisingly, soil lead concentration, long thought to be a major source of lead exposure, was not a significant predictor in the model.
Significant predictors of blood lead levels (lnPBblood) included the participant's age (AGE, years), sex (SEX), health status (HEALTH, good, fair, or poor), and adherence to a high-fiber diet (HIFIBER, yes or no), all four pointing to interindividual physiological differences. Number of cigarettes smoked (CIGARETS, count) was associated with higher levels, as was burning wood or trash (BURN, days), another known potential source of lead emissions (Malkin et al., 1992) . As in other models, air filter use (AIRFILTER) was associated with lower levels. Other significant activities associated with lower levels were grilling with charcoal or gas (GASGRILL), showering (SHOWER, days), and working outside of the home (WORK, yes or no). Showering would obviously reduce dermal exposure, but working outside the home and grilling are less understandable results. None of the other lead measurements (i.e., soil, indoor air, dust, dermal, food, or beverages) were found to be a significant predictor. Residential dust abatement was previously found to reduce childhood blood lead levels (Rhoads et al., 1999) , but our study participants were largely adults, who generally do not exhibit the hand-to-mouth and pica behaviors common among children (Malcoe et al., 2002) . The failure to detect a significant association of blood lead with lead in any environmental media suggests that the collection period for the exposure measurements was not long enough to reflect the long half-life of lead in the body.
The phenanthrene models are listed in Table 4 . Elevated levels of phenanthrene in indoor air (lnPHENin) were associated with the burning of wood, leaves, or trash (BURN), and residing in commercial areas (RESIDEN-TIAL, yes or no), where, presumably, vehicular traffic is greater. Low molecular weight PAHs like phenanthrene can originate from outdoor traffic-related emissions but are typically dominated by indoor sources such as cooking, smoking tobacco, and burning wood, gas, candles, or incense (Naumova et al., 2002) . Vacuuming during the past week (VACUUM, yes or no), which can resuspend and volatilize settled pollutants, was also associated with higher indoor levels. Use of forced-air central heat (HEAT, yes or no) was somewhat counterintuitively associated with lower indoor levels, but may be the result of filtering of air by central heating systems. The reason that number of indoor/outdoor pets (PETS, number) and indoor pesticide use within the past 6 months (INPEST) were associated with lower phenathrene levels is difficult to explain with the current data. Working outside of the home (WORK) and time spent outdoors at home (OUTHOME, hours), two factors related to time budgets, were associated with lower phenanthrene loadings in dust (lnPHENdust), perhaps because they allowed less time for indoor PAH-producing activities like cooking and burning candles. Carpeting (CARPET, percent of total rooms) was also associated with lower dust loadings, which could be the result of sequestering. As in the indoor air model, residential areas (RESIDENTIAL) had lower levels, but two other variables, namely central heat (HEAT) and number of pets (PETS), had countereffects in the dust model. The contrary effects of these factors on dust and airborne concentrations may be a product of the complex residential source/sink relationship involving partitioning between solid and gas phases previously reported for phenanthrene (Naumova et al., 2002) . For example, the positive effect of central heat use in this model suggests that phenanthrene condenses to solid phase and accumulates in dust at cold temperatures, preventing filtration by the furnace filter. Outdoor temperature, which less accurately reflects indoor temperature, was not a significant predictor. A doorway between living quarters and garage (GARAGE, yes or no), where automobiles and appliances like water heaters and clothes dryers are often kept, and use of fireplace (FIRE-PLACE, yes or no) are consistent with combustion as the dominant source of PAHs.
The predictors of 1-naphthol in urine (lnNAPurine) are more consistent with exposure to naphthalene, which together with phenanthrene and pyrene dominate PAH mixtures (Elovaara et al., 2003) , than with exposure to the insecticide carbaryl. Tending a wood stove or fireplace the day before sampling (FIRE, yes or no), using gasolinepowered equipment (EQUIPMENT), spending time in a workshop (WORKSHOP, min), smoking cigarettes (CI-GARETS), and using mothballs (MOTHBALLS, yes or no) all correspond with known sources of naphthalene exposure, which include wood and tobacco smoke, fuel exhaust, and moth repellent (ATSDR, 1995) . More investigation is needed to determine why pumping gasoline the day before urine sampling (PUMPGAS, yes or no) was associated with lower 1-naphthol levels. The importance of working at home (WORKHOME, hours) suggests that working at home may have allowed more time for in-home PAH-producing activities.
As shown in Table 5 , no specific pesticide-related activities during the monitoring period were significant predictors of chlorpyrifos in indoor air (lnCPFin); however, an ordinal variable, representing one unit for each type of room (e.g., living room, kitchen, bathroom, etc.) treated with pesticides in the past 6 months (TREATROOMS, 0-7), was significant. Although chlorpyrifos was a commonly used residential pesticide in the mid-1990s, it was just one of the many pesticides available at a time when pyrethroid pesticides were quickly gaining popularity. A doorway between the living quarters and the garage (GARAGE), a common location for pesticide storage, was associated with higher indoor levels. The positive association with number of hours spent outside at home (OUTHOME) suggests pesticides may have been tracked in from the lawn (Lewis et al., 2001 ) despite the negative association for outdoor pesticide use in the past 6 months (OUTPEST); there was no significant correlation (P ¼ 0.46, Spearman) between OUT-HOME and OUTPEST. The effect of central air conditioning (A/C, yes or no) during the monitoring period may be confounded by more frequent use of both residential and agricultural pesticides in the spring and summer months (MacIntosh et al., 1999b) . The number of pets (PETS) was associated with lower indoor concentrations of chlorpyrifos just as with indoor phenanthrene.
The model for chlorpyrifos in dust (lnCPFdust) included three pesticide-related activities: pesticide applied in bathroom within 6 months (BATHPEST, yes or no), frequent pesticide contact at work (PESTWORK, yes or no), and days of pesticide application during monitoring period (PESTUSE, number). Of these effects, only use in bathrooms was in the logical direction. While inverse correlations between pesticide concentrations and self-reported activities are not uncommon (Berkowitz et al., 2003; Whyatt et al., 2003) , in light of the shifting pesticide market and the long accumulation periods represented by dust loadings (Simcox et al., 1995) , it is worth emphasizing that use in bathrooms referred to activities within the past 6 months, while daily pesticide use was specific to the recent monitoring period. Further, those with frequent pesticide contact at work would have access to the newest pesticides and, knowing their dangers, might be more careful with them at home. Pastweek use of window air conditioners (WINDOWAC, yes or no), central heating systems (CENTHEAT, yes or no), and burning wood, leaves, or trash (BURN) were associated with lower dust loadings, but the observed effects are difficult to explain. Minority households (MINORITY), those in nonresidential areas (RESIDENTIAL), and those with more rooms (ROOMS, number) were associated with higher chlorpyrifos dust loadings.
TCPy (3,5,6-trichloro-2-pyridinol) is the primary metabolite of chlorpyrifos. Logged creatinine concentration (CREAT) was not only a significant predictor of logged TCPy in urine (lnCPFurine) but also served to adjust for urinary flow, body mass, and gender. Logged chlorpyrifos concentration in solid food (lnCPFfood) was a very strong predictor, consistent with the dietary pathway as a primary route of exposure (Clayton et al., 2003) . Contact with grass or leaves (GRASS, yes or no) and parking in an attached garage (GARAGE) were also associated with higher levels. Since exhaust fans (EXHAUST, yes or no) were associated with higher levels and central heat (HEAT) with lower levels, Temporal variability in exposure in NHEXAS-Maryland Egeghy et al. these two variables perhaps reflect seasonal factors rather than ventilation effects. The lower urinary levels associated with central heat are complementary to the higher air concentrations associated with central air conditioning in the indoor air model. The positive correlation with time spent indoors at places other than home, school, or work (INOTHER) suggests that individuals may receive much of their pesticide exposure elsewhere, including stores and restaurants (Leech et al., 2002) .
Temporal variability and reliability
Longitudinal data allowed us to investigate the magnitude and implications of temporal variability. Clayton et al. (1999) evaluated correlations among pairs of longitudinal observations in the NHEXAS-Region 5 study and concluded that a single measurement provided a reasonable estimate of long-term exposure for some compounds (e.g., arsenic and lead in tap water) but not for others (e.g., VOCs in personal air). We followed the lead of others (Fleiss, 1986; Lemasters et al., 1996; Ryan et al., 2000; Symanski et al., 2001; Pang et al., 2002) in partitioning variance into between-and within-person components (Table 6 ) to evaluate the reliability of a single measurement with respect to a long-term average. The high intraclass correlation coefficient (r r ) of 0.76 for both lead in blood and chlorpyrifos in dust indicates that the observed variance was largely due to subject-specific differences and that measurements for a given individual were consistent over the study period of 1 year. This in turn suggests that a single measurement was a relatively precise estimate of the year-long mean. (Intraclass correlation coefficients for chlorpyrifos in air or dust have previously been reported by Pang et al., 2002.) For all other compound-medium combinations in this study, however, the lower estimated values of r r (0.08-0.56) suggest that a single measurement does not adequately represent the mean of repeated measurements.
Measurements of lead and phenanthrene in biological fluids (r r ¼ 0.76 and 0.48, respectively) were more consistent over the study period than those in indoor air (r r ¼ 0.08 and 0.33, respectively) and dust (r r ¼ 0.48 and 0.34, respectively), consistent with the phenomenon of biological damping of exposure variability (Rappaport et al., 1995) . The opposite was true for chlorpyrifos (r r ¼ 0.56 in air and 0.76 in dust) and its metabolite TCPy (r r ¼ 0.40), implying that something more variable than chlorpyrifos in air or dust was driving TCPy concentration fluctuations in urine. The most likely candidate would be chlorpyrifos in food, which we found to be a significant predictor of TCPy in urine (Table 5) . Alternatively, since TCPy is also an environmental degradation product of chlorpyrifos (Zayed et al., 2003) , it is possible that inconsistent ingestion of TCPy itself is contributing to the low reliability of urinary measurements.
Knowing the minimum number of measurements needed per individual for reliable estimates of exposure is beneficial Table 6 . Restricted maximum likelihood-estimates of between-and within-person covariance parameters and intraclass correlation coefficients of reliability (r r ) based on mixed-effects models. m ¼ number of repeated measurements needed to achieve a reliability of 0.80.
Temporal variability in exposure in NHEXAS-Maryland Egeghy et al.
when designing measurement strategies for future studies evaluating health risks associated with environmental contaminants. We estimated (presented as m in Table 6 ) that a single measurement of lead in blood or chlorpyrifos in dust was sufficient to achieve a desired reliability of 0.8, but that three to eight measurements per individual were typically needed for the others. Lead in indoor air is the exception, requiring 47 measurements. Since sampling was performed systematically throughout the year instead of randomly, our estimated sample sizes assume a seasonal stratification similar to that employed in this study. Nonetheless, the statistic is quite appropriate for comparative purposes and should provide a useful scale for future longitudinal studies. Despite our attention to time-varying predictors, the fixed effects in the full models preferentially reduced the betweenperson component for seven of the 10 compounds (Table 6 ). These somewhat disappointing results are consistent with those from similar studies (Burstyn et al., 2000; Egeghy et al., 2002) . In the more extreme cases, the significant predictors in the phenanthrene in dust model explained 95% of the between-person but only 10% of the within-person variance, and those in the dermal lead model explained 61% of the between-person but only a meager 1% of the within-person variance. Although these models included questionnaire items that described time-varying activities (e.g., hours spent outside at home or hand washing after mowing the lawn), it was those items that described interindividual differences (e.g., sex or working outside the home) that explained the bulk of the variability, and were the strongest predictors as evidenced by their P-values. In contrast, the explanatory variables in the models for lead and chlorpyrifos in indoor air predominantly described either environmental conditions or transient activities and exclusively explained within-person variability. Overall, these results suggest that the data on a person's characteristics, whereabouts, activities, and behaviors collected by questionnaire preferentially explain interpersonal rather than intrapersonal variability.
Conclusion
The NHEXAS-MD study longitudinally examined a wide range of environmental contaminants in several exposure media to evaluate temporal variability in total human exposure, with questionnaires contemporaneously administered to identify factors that influence changes in contaminant levels over time. We developed mixed-effects regression models to better understand those factors for lead, phenanthrene, and chlopyrifos. We employed an expansive approach by evaluating all questionnaire items rather than focusing on selected questions of interest; however, we prioritized the items according to scientific considerations during model building.
Almost four dozen different questionnaire items were included in the 10 final models for the three compounds selected for analysis. Significant predictors for all models included unchanging housing/demographic factors as well as intermittent activities and were consistent with results from other studies and our current understanding of human exposure. There was little overlap among the models, with the predictors generally reflecting the diverse characteristics of the target compounds, suggesting that intervention strategies should be chemical class-specific.
We used the intraclass correlation coefficient to judge the consistency over time of measurements on a given individual and, accordingly, to evaluate how well a single measurement represents the mean level for that individual. Measurements in biological fluids and dust were generally more consistent over time than those in indoor air. For most compound/ exposure medium combinations, three to eight measurements were necessary because of temporal variability. We used information from the questionnaires to try to account for the residual variance and thereby reduce measurement error. However, adding the fixed effects to each model typically produced only a modest reduction in the within-person component, indicating that the information collected via the questionnaires provided little insight into the factors responsible for the temporal variability in the contaminant levels.
